In visual recognition tasks, supervised learning shows excellent performance. On the other hand, unsupervised learning exploits cheap unlabeled data and can help to solve the same tasks more efficiently. We show that the recursive autoconvolutional operator, adopted from physics, boosts existing unsupervised methods to learn more powerful filters. We use a well established multilayer convolutional network and train filters layer-wise. To build a stronger classifier, we design a very light committee of SVM models. The total number of trainable parameters is also greatly reduced by using shared filters in higher layers. We evaluate our networks on the MNIST, CIFAR-10 and STL-10 benchmarks and report several state of the art results among other unsupervised methods.
Introduction
Large-scale visual tasks can now be solved with big deep neural networks, if thousands of labeled samples are available and if training time is not an issue. Efficient GPU implementations of standard computational blocks make training and following usage feasible.
A major drawback of supervised neural networks is that they heavily rely on labeled data. It is true that in real applications it does not really matter which methods are used to achieve the desired outcome. But in some cases, labeling can be an expensive process. On the other side, natural data are full of abstract features unrelated to object classes. Unsupervised learning exploits abundant amounts of these cheap unlabeled data and can help to solve the same tasks more efficiently. In general, unsupervised learning is important to move towards artificial intelligence [1] . Another drawback of supervised methods and some recent unsupervised developments [2, 3, 4] is their excessive use of data augmentation. In this regard, unsupervised methods are shown to be able to learn these and more complex transformations, e.g., by "watching" videos [5] .
In this work, we learn a visual representation model for image classification free from the aforementioned pitfalls. As a result, our work can potentially be easily applied to any natural data (e.g., audio). We improve on the previous works in which network filters (or weights) are learned layer-wise without label information [6, 7, 8, 9, 10, 11, 4, 12] . These methods are particularly suitable for the tasks with only few labeled training samples, such as STL-10 [7] , as well as variants of MNIST [13] and CIFAR-10 [14] with smaller training sets. In addition, on full variants of these datasets we demonstrate that unsupervised learning is steadily becoming comparable with and even outperforms its supervised counterpart, including some convolutional neural networks (CNNs) trained by back- propagation on thousands of labeled samples [15, 16] . This way, we provide further evidence that unsupervised learning is suitable for building efficient visual representations.
The main contribution of this work is adaptation of the recursive autoconvolution operator. Concretely, we demonstrate that this operator can be used to encourage existing clustering methods (e.g., k-means) or other learning methods (e.g., independent component analysis (ICA)) to train more powerful filters ( Fig. 1 ) that resemble the ones learned by CNNs (Sections 3 and 4.1). Our second novelty is a method for building a committee of support vector machines (SVM) trained on several subsets of data projected by principal component analysis (PCA) (Section 4.6). Finally, we substantially reduce the total number of learned filters in higher layers of the network without loss of classification accuracy (Sections 4.4 and 5.3). In the end, we report several state of the art results among unsupervised methods while keeping computational cost relatively low (Section 5.3).
Related Work
Unsupervised learning is used quite often as an additional regularizer in the form of weights initialization [17] or reconstruction cost [18, 19] , or as an independent visual model trained on still images [3, 14] or image sequences [5] .
However, to a larger extent, our method is related to another series of works [6, 7, 8, 9, 10, 2, 12] and, in particular, [11, 4] , in which filters (or some basis) are learned layer-wise and, contrary to the methods above, neither backpropagation, fine tuning nor data augmentation is used. The only exceptions are [4, 2] , in which image transformations are used.
In these works, learning filters with clustering methods, such as k-means, is a standard approach [7, 2, 12, 4, 11] . For this reason, and to make comparison of our results easier, k-means is also adopted in this work as a default method. Moreover, clustering methods can learn overcomplete dictionaries without additional modifications, such as done for ICA in [10] . Nevertheless, since ICA [20] is also a common practice to learn filters, we conduct a couple of simple experiments with this method to probe our novel idea more thoroughly. In contrast to various coding schemes [6, 7, 8, 9, 12] , popular in unsupervised learning, our forward pass is built upon a well established supervised method -a multilayer convolutional network [13] and its rectifying and pooling blocks.
Autoconvolution
We first describe the routine for processing arbitrary discrete data based on autoconvolution. It is convenient to consider autoconvolution in the frequency domain. According to the convolution theorem, for N -dimensional discrete signals X and Y, such as images (N = 2):
, where F -the N -dimensional forward discrete Fourier transform (DFT), • -pointwise matrix product, k -a normalizing coefficient (which will be ignored further, since we apply normalization afterwards). Hence, autoconvolution is defined as
where F −1 -the N -dimensional inverse DFT. Because of squared frequencies, phase information is mixed and the inverse operation becomes ill-posed. A lot of work has been devoted to that problem, e.g., [23] . In this work, we focus only on the forward operator.
To extract patterns from X, it is necessary to make sure that mean(X) = 0 and std(X) > 0 before computing (1) . Also, to compute linear autoconvolution, X is first zero-padded (however, for such images as in MNIST, this step might be optional). We also tried to work with autocorrelation defined as
, but in our experience filters extracted with autoconvolution are more powerful.
Recursive Autoconvolution
We adopt the recursive autoconvoution operator, proposed earlier in [25] by simple extension of (1):
where n = [0, n max ] -an index of the recursive iteration (or autoconvoution order). If n = 0, X 0 equals the input, i.e. a raw image patch. For n = 1 expression (2) becomes equal (1). In our work, we limit n max = 4 as higher orders do not lead to better classification results.
In [25] , image patterns extracted using this operator were used for parametric description of images.
In this work, we use extracted patterns as convolution kernels, i.e. filters, because we noticed that applying (2) with n > 1 to images provides sparse wavelet like patterns, which are usually learned by a CNN in the first layer (see [16] One of the issues with recursive autoconvoution is that the size of X is doubled after each iteration n due to zero-padding. To deal with that, we simply take the central part of the result or resize (subsample) it to its original size after each iteration ( Fig. 1 (a) ,(b), where the second option is picked). We randomly choose one of these options to make the set of patches richer.
According to our statistics of extracted patches, autoconvolution order n is inversely proportional to the joint spatial σ xy and frequency σ uv resolution, i.e. n ∼ 1/(σ xy σ uv ), where σ xy = σ x σ y = √ D 1 D 2 and D 1 , D 2 -are eigenvalues of the weighted covariance matrix of X in the spatial domain; analogously for σ uv . Therefore, to cover a wider range of spatio-frequency properties, patches extracted with several orders are combined into one global set.
We are now ready to describe the architecture of a multilayer convolutional network (AutoCNN), which we used for image classification.
Autoconvolutional Multilayer Architecture

Learning Filters
The baseline method for unsupervised filter learning is chosen to be k-means as in [11, 4] . Specifically, for some layer l of an AutoCNN and for some training sample we have input X (l) in ∈ R a l ×a l ×K l−1 , where K l−1 -the number of filters (or channels) in the previous layer. To learn filters for this layer l, we take random patches X (l) ∈ R s l ×s l ×d l from a subset of training samples and apply n-order recursive autoconvolution (2) , where d l -the depth of filters, which is ≤ K l−1 due to grouping described below in Section 4.4. Only squared inputs, patches and filters are considered for simplicity. To learn more powerful filters, we take results of several orders (e.g., in case n = [0, 3] we have 4 patches instead of 1) and combine them into one global set of autoconvolutional patches. Note that in case n = 0, we extract more patches to make the total number of input data points for k-means about the same as for combinations of orders. We also experience with each of the orders independently to determine which orders contribute the most during classification (Fig. 1 (c)-(f) ). In this global set, all patches are first scaled to have values in the range [0,1] , then they are ZCA-whitened as in [14, 7, 9, 11, 4] . For this set, k-means clustering (or another method, e.g., ICA) is applied, which produces a set of K l data points (a dictionary) D (l) ∈ R s l ×s l ×d l ×K l . These data points are first l 2 -normalized and then used as convolution kernels (filters) for layer l.
Preprocessing and Convolution
For image preprocessing we use standard techniques like ZCA-whitening and standardization 2 with few modifications. First, only colored datasets and only in the first layer are whitened, because for such clean grayscale images as in MNIST it is not reasonable. Second, in contrast to [11] or [7] , where global or local normalization techniques are used, we use batch standardization (i.e. the entire batch is treated as a single vector) with a typical batch size of 125 to divide the dataset into equal batches. Additionally, since for higher layers we have groups of connected feature maps (as described below in Section 4.4), we standardize groups independently before convolutions. After preprocessing, inputs are convolved with filters with zero-padding, so that sizes of inputs and responses are equal.
Response Rectification, Normalization and Pooling
We experiment with two popular rectifiers which are applied to filter responses: max(0, x) (or ReLU), which is used by default (unless otherwise specified), and absolute values |x|. Between layers we use local contrast normalization (LCN), as in [4] . Then, simple max-pooling over squared (of size m l ) disjoint spatial regions within a feature map is used. In addition, nonlinear "rootsift" normalization (sign(x) |x|/ x 2 ) applied after pooling turned out to be beneficial for colored datasets. This normalization as well as LCN are used only to report final classification results.
Selecting Connections between Layers
In CNNs trained with backpropagation, typically depth d l of filters equals the number of filters in the previous layer, i.e. d l = K l−1 . Alternatively, connections between feature maps and filters can also be sparse [13] or learned along with the network weights [11] .
For unsupervised learning methods, such as k-means, it is hard to learn discriminative filters, if d l is too high (e.g., 64 in [15] ). Therefore, in this work, we follow the practice, established in unsupervised CNNs [11, 4] , to divide feature maps into n g relatively small groups, so that filters D (l) ∈ R s l ×s l ×d l ×K l are learned independently for each group, where d l K l−1 . Convolutions are concatenated for all groups, so that responses of size a l /m l × a l /m l × n g K l are forward passed to the next layer. For n g = 1 this is a typical CNN architecture. Our contribution is that for l > 1, instead of treating groups independently, we learn filters for all groups altogether as described in more detail in Section 5.3.
Contrary to [11, 4] , where feature groups are formed randomly or learned in a supervised fashion, we use the approach from [9] . Specifically, from all K l feature maps random n g maps are first chosen, for each of them the closest (d l − 1) features are then found. The similarity is computed as correlation between squared vectors S(x j , x k ) = corr(x 2 j , x 2 k ) for some whitened feature maps x j and x k . To improve connections, we repeat this heuristic procedure several times and select few variants of connections with the smallest total distance S. From these variants, we select the one with the maximum number of unique feature maps connected to the next layer. This way, we try to find a compromise between diversity of filters and their connectivity to each other, which is necessary to form invariant groups [10] . Our connection scheme is, in fact, incomplete. That is, only part of feature maps is propagated to higher layers, even if n g d l > K l−1 . But as we apply a multidictionary approach similarly to [11, 12] , this is not an issue, because eventually features from all layers are concatenated and fed to a classifier.
Dimension Reduction and Classification
In [11] , fully connected layers with dropout are trained on top of the unsupervised features. In this work, we first apply principal component analysis (PCA) together with whitening and then train a classifier on the projected data. For particularly large features (>30k and up to 300k in our experiments) random PCA [26] turned out to be extremely useful.
For classification, we use an SVM with the RBF kernel with a one-vs-one multiclass variant (unless otherwise specified). Feature vectors are standardized before classification. In all experiments, the SVM regularization constant was C = 16. The width of the RBF kernel was chosen to be γ = 1/p j , where p j is the dimensionality of the projected feature vector, the input of the SVM (see also the next section). For better final classification results for CIFAR-10 and STL-10, we also apply a one-vs-all method (we use a very efficient GPU implementation from [27] ).
SVM Committee
A committee of models tends to give better classification results [4] . In this work, we build a committee of J models with just one set of filters, so that the models in the committee are determined only by their SVM. The filters, the PCA matrix and other parameters are fixed for all models. After the images were processed with a learned AutoCNN, PCA is performed once, and p j , j = 1, ..., J first principal components are chosen. Then for each j, an SVM is trained on the features projected on the p j first principal components. After all iterations j are complete, the SVM scores within the committee are averaged.
Experiments
Experimental Setup
We evaluate our method on several image classification benchmarks: MNIST [13] , CIFAR-10 [14] and STL-10 [7] . To demonstrate that unsupervised learning is particularly effective for datasets with few training samples, such as STL-10, which has only 100 images per class, we test our method on smaller versions of MNIST and CIFAR-10, namely MNIST (100), MNIST (300) and CIFAR-10 (400) with just 100, 300 and 400 images per class respectively, using the same experimental protocol as in previous works, e.g. [11, 3] : average results, and their standard deviations on the test set using 10 random subsets (folds) from the training set, are reported. For STL-10 these folds are predefined.
While in previous works all labeled training samples are typically used as unlabeled data during unsupervised learning, we found that it is enough to use at most 10k samples to learn filters and 20k -to perform PCA in all experiments, including STL-10, which contains 100k unlabeled samples.
We train models with one and two layers according to the proposed architecture (Section 4), which turned out to be sufficient to confirm effectiveness of our method. All reported classification results are average errors for MNIST and accuracies for all other datasets in percent, unless otherwise stated. First, for different filter sizes (s 1 ) we observe that autoconvolution (2) greatly improves classification, if neither filters nor input images are whitened ( Fig. 2 (a)-(c) ). We also show that in case of CIFAR-10 and STL-10 ( Fig. 2 (b) ,(c)) whitening applied both to input images and filters considerably enhances results, which are shown in single markers for n = 0 and for several n ≥ 0 only for the best s 1 . Next, we conducted tests with whitening applied only to filters. It turned out to be an optimal scenario only for MNIST, and the results in this case are shown only for this dataset, similarly in single markers ( Fig. 2 (a) ). For CIFAR-10 and STL-10 this scenario is still more beneficial than completely without whitening, and the advantage of n ≥ 0 over n = 0 in this case is much more noticeable than in case of whitening both. The number of filters in these experiments is fixed to K 1 = 96. Overall, the best performance with recursive autoconvolution is superior than without it for a wide range of filter sizes, so, evidently, better filter size or preprocessing are not the reasons for our accuracy increase.
Model Parameters Validation
Given the obtained results ( Fig. 2 (a) -(c)), for the next experiments we apply whitening both to images and filters for CIFAR-10 and STL-10 and whitening only to filters for MNIST. For CIFAR-10 and MNIST we set s 1 = 13 and for STL-10 s 1 = 29 px. Using these parameters, we estimated that the effect of applying recursive autoconvolution scales well with the number of filters ( Fig. 2 (d) ), although for STL-10 we observe some noise, probably, because we used too few folds and a rather small number of k-means iterations.
Nevertheless, our results without whitening and with whitening applied only to filters are very relevant in practice, because in some tasks whitening of inputs is difficult to be performed or not applicable [10] , e.g., in case of large inputs we would need to compute a huge covariance matrix or in case of MNIST whitening is harmful.
By further cross-validation we tuned other model parameters. In detail, an error is decreased for MNIST by using |x| instead of ReLU (from 1.17% to 0.98%). In its turn, for CIFAR-10 and STL-10 a parametric rectifier max(0.25, min(25, x)), "rootsift" normalization (see (Table 1) . Using these tuning parameters we report our test results in Tables 1 and 2 . Additionally to these parameters, in Table 3 results for CIFAR-10 and STL-10 are achieved with LCN, |x| for the second layer and a one-vs-all SVM, which together give about 1.5-2%.
Multilayer Performance
For a multilayer AutoCNN we determine if applying recursive autoconvolution is reasonable for higher layers (Table 1) . It turned out, that for all datasets the results are consistently better with n ≥ 0 either for the first or second layer and, in particular, for both layers. For all cases in these experiments all model settings are kept the same. The architectures in our experiments have short notations. For instance, "128c13-2p→32g-4ch-64c9-6p" denotes a two layer network with 128 filters of size s 1 = 13 and max-pooling of size m 1 = 2 in the first layer, and 64 filters of size s 2 = 9 and depth d 2 = 4 with m 2 = 6 in the second layer, whereas feature maps of the first layer are connected into n g = 32 groups. Thus, in these experiments (Table 1) , for MNIST, CIFAR-10 and STL-10 we design small (given that unsupervised models tend to be much larger) two layer networks: 128c13-2p→32g-2ch-64c9-2p, 128c13-2p→32g-2ch-64c11-4p and 96c29-4p→24g-2ch-64c17-6p respectively. In all experiments with 2 layer networks, for layer 1 we use combinations n = [1, 3] for MNIST and n = [0, 4] for others, while for layer 2 we found n = [2, 3] to be optimal.
We next investigate connections from the first to the second layer. In previous works [11, 4] , filters of higher layers are distinct for each group (learned independently), i.e. the total number of filters in layer 2 is defined as K 2 n g , as described in Section 4.4. We discovered that using the same filters for all groups has no negative effect on classification accuracy, while it speeds up learning and significantly reduces the number of trainable parameters (Table 1) . In this case, patches from all groups are concatenated before clustering and the total number of filters in layer 2 becomes equal K 2 , i.e. the same filters are shared between all groups. To exploit features from both layers, the multidictionary approach is employed as in [11, 12] . First layer features are obtained according to a single layer architecture with a larger pooling size, so that sizes of the 1 and 2 layer feature maps are equal. Features of both layers are then combined into a large vector and passed to PCA and SVMs.
Finally, we evaluate our method on the test datasets (Tables 2 and 3 , where the number of filters in dictionaries or convolutional layers, i.e. with filters larger than 1 × 1, is specified if known, the best results within a group of methods are in bold, parameters for STL-10 in parentheses). For MNIST, CIFAR-10 and STL-10 we increase the networks to 192c13-2p→32g-3ch-64c9-2p, 1024c13-2p→128g-4ch-160c11-4p and 1024c29-4p→192g-4ch-160c17-8p respectively. However, at the same time, we prune the first layer features so that only the filters connected to layer 2 are used (in Tables 2 and 3 , an approximate number of filters in layer 1 is indicated). For the full tests on MNIST and CIFAR-10 we report the average for 10 independent tests (as done, for instance, in [19] ) and, in addition, the results of averaging the SVM scores of all J × 10 models (denoted as "comb"). Notably, in most of the previous works, the results are very good either for simple grayscale images (MNIST) or more complex colored datasets (CIFAR-10, STL-10), or for smaller or larger datasets only. The only exception seems to be Ladder Networks [19] , which are much larger and deeper than our models and use a supervised cost. Also, in [28] better results are achieved for MNIST with a single layer, but in our experience it can be quite easy to fine tune to such a simple task. Besides, we report the average for 10 tests, and for some runs our error was close to their results. For STL-10 comparable results are obtained in [12, 28] , however our model has several times fewer features compared to [12] , while in [28] the most important model component is handcrafted SIFT features, whereas we learn features from data. Our single layer model is especially effective for CIFAR-10, for which we obtain an accuracy better than in all previous multilayer unsupervised models (without data augmentation) and even better than a two layer CNN [16] . Our two layer network with a smaller total number of filters outperforms our single layer (except for the full tests on MNIST), which suggests the importance of depth in our case in the same way as in supervised CNNs. It is also superior than many other supervised and unsupervised models, including a large 3 layer CNN in [3] (in case of full data), which relies on excessive data augmentation and a 3 layer supervised CNN [15] based on an advanced pooling scheme. Other previous works, showing higher accuracies, are either fully [8] 66.4 ± 0.8 [9] 81.5 59 ± 0.8 NOMP-20 (3200-6400-6400) [12] 72.2 ± 0.4 82.9 67.9 ± 0.6 C-SVDDNet (500+multiscale+SIFT) [ [19] 79.60 ± 0.47 − − Kernel CNN (12-800+50-800) [16] − 82.18 62.32 Stochastic pooling (64-64-64) [15] ∼ 65 84.87 − or semi-supervised. In this work, we show competitive results both for simple and more complex datasets, as well as both for smaller and larger ones using the same model with few tuning parameters.
To further advocate for our method, we checked if recursive autoconvolution is able to improve other learning methods. For this purpose, we learned filters with ICA [20] on patches with n = 0 and n ≥ 0 (AutoCNN-ICA) using the same procedure as with k-means (see Section 4.1). For CIFAR-10 we use larger filters since we were not able to learn overcomplete dictionaries. The gap between these two results is pronounced (Table 3) , which strongly confirms the effectiveness of our method.
Note that the numbers of model filters presented in Tables 2 and 3 do not always reflect the total number of trainable parameters (N model ) nor the total computational cost. While our 2 layer model has seemingly many more filters than some CNNs, its maximum number of filter channels (d l ) is only 4, while in CNNs d l = K l−1 (i.e. 64-512). Thus, for convolutional layers of our large model for CIFAR-10 N model = 400 × 13 × 13 × 3 + 160 × 11 × 11 × 4 ≈ 280k, while in [15] it is ≈ 200k, which is smaller only because of smaller filters. Most other CNNs, presented in Tables 2 and 3 , have many more parameters. Training our large two layer network on CIFAR-10 takes about 100 minutes on NVIDIA GTX 980 Ti in a Matlab implementation. Our smaller two layer network for MNIST is trained in about 25 minutes, while large single layer models can be trained in about 15 minutes on CIFAR-10 and in just 3-4 minutes on MNIST (including an SVM committee in all cases).
Conclusion
The importance of unsupervised learning in visual tasks is increasing and development is driven by the necessity to better exploit massive amounts of unlabeled data. We propose a novel unsupervised feature learning method and report superior results in several image classification tasks among the works not relying on data augmentation or supervised fine tuning. We adopt recursive autoconvolution and demonstrate its great utility for unsupervised learning methods, such as k-means and ICA. We argue that it can be integrated into other learning methods, including recently devised convolutional clustering, to boost their performance since recursive autoconvolution reveals complex image patterns. Furthermore, we significantly reduce the total number of trainable parameters by using shared filters and propose a simple method to build a committee of SVM models. As a result, the proposed autoconvolutional network performs better than most of the unsupervised, and several supervised, models in various classification tasks with only few but also with thousands of labeled samples.
Appendix
A.1 Comments to Section 3 (Autoconvolution)
In Fig. 3 (left) , we show the images from Fig. 1 (a) ,(b) in their original sizes to illustrate that image size is doubled after each iteration of recursive autoconvolution (2) . To collect patches of equal size, which is necessary for k-means and ICA, we take the central part of the result or resize (subsample) it to its original size after each iteration. Matlab demo code to compute recursive autoconvolution (2) is available at https://github.com/bknyaz/nips2016.
Next, as it is mentioned in Section 3.1, according to statistics of extracted patches, autoconvolution order n is inversely proportional to the joint spatial and frequency resolution, i.e. n ∼ 1/(σ xy σ uv ) (Fig. 3 (right) ). This implies that recursive autoconvolution provides sparse wavelet-like filters, which seems to be very important for classification, because learning filters with n > 0 significantly improves classification results. However, it is also beneficial to have few filters with a very large joint resolution (e.g., σ xy σ uv > 0.1) typically learned with n = 0, because combinations of orders n = [0, 3] and n = [0, 4] show the best classification performance on CIFAR-10 and STL-10 ( Fig.  7 (b),(c) ). Examples of learned sparse and dense filters are visualized in Fig. 1 (c)-(f) and Fig. 4 . Notice, that values of σ xy σ uv are constrained by the theoretical limit [see 30, expression (2)], namely, σ xy σ uv ≥ 1/(16π 2 ), although in practice, due to discretization this constraint can be violated. Fig. 1 (a),(b) , we show the results of applying recursive autoconvolution of orders n = 0, 1, 2 to an MNIST (top) and CIFAR-10 (bottom) sample in original sizes. (right): Distributions of the joint spatial and frequency resolution σ xy σ uv depending on n for whitened filters learned on CIFAR-10 in the first layer with k-means and ICA.
A.2 Comments to Section 4.1 (Learning Filters)
In ZCA-whitening, we keep the number of dimensionalities so that 99% of data variance is preserved, a regularization value of 0.05 is also applied. For clustering with k-means, we use either the Approximated Nearest Neighbors or ELKAN algorithms with the Euclidean distance, implemented in VLFeat [31] , which are equally good and fast. In other works (e.g., [12] ), spherical k-means is often employed, however, we did not find it advantageous.
Examples of filters learned with k-means are visualized in Fig. 4 . We can observe that filters for STL-10 are noisy, probably, because they are much larger (29 × 29) and, therefore, it is difficult for k-means to find the centroids. But on the other hand, if we decrease the filter size, then they resemble the filters learned on CIFAR-10, but the classification performance drops (Table 6) , probably, because STL-10 images are relatively big and, therefore, they need larger receptive fields. Thus, one of the compromise solutions for STL-10 is to process smaller crops rather than whole images (as confirmed by the experiments, see Table 6 ), but in this work, we do not consider data augmentation (including cropping) and focus on images as a whole.
To train filters with ICA, the code provided at http://research.ics.aalto.fi/ica/imageica is applied. We use identical model settings both in case n = 0 and n = [0, 4] (AutoCNN-ICA), 5k iterations of the ICA algorithm and similar numbers (50k-60k) of data points (image patches). These settings are also almost identical to the ones used with k-means, the only difference is that with ICA Figure 4 : Examples of 128 filters in the first layer of our AutoCNN learned using k-means with ZCA-whitening. For MNIST and CIFAR-10 filters are 13 × 13, for STL-10 they are 29 × 29. Filters are sorted according to their joint spatial and frequency resolution σ xy σ uv (see Section 3.1), so that the top left corner corresponds to the minimum value and the bottom right corner to the maximum.
for CIFAR-10 we had to increase the filter size to s 1 = 19 (both with n = 0 and n = [0, 4]) to learn non-overcomplete dictionaries.
A.3 Comments to Section 4.2 (Preprocessing and Convolution)
To implement batch standardization for test samples, during training means and variances of all batches are collected, and then during inference (on the test set) their average values are used to standardize single test samples. To compute convolutions we use MatConvNet [32] .
A.4 Comments to Section 4.6 (SVM Committee)
In this section, we show an example of training an SVM committee, proposed in our work, on top of multidictionary features of a 2 layer AutoCNN 1024c13-2p→128g-4ch-160c11-5p (see Table 4 , where Acc1: an accuracy of a single SVM model j, Acc2: an accuracy of a committee of SVM models from 1 to j). The best results for a single SVM model and for the committee are in bold. Filters, the PCA matrix (of size M ×P ) and all other model parameters are fixed within the committee. In this example, the dimensionality of feature vectors before projection M = 3 × 3 × (1024 + 128 × 160) = 193536 and P = 1000 -the maximum dimensionality of feature vectors after projection. For the full tests on MNIST and CIFAR-10, we report the average of 10 independent tests and, in addition, the result of averaging the SVM scores of all 10 models (denoted as "comb" in Tables  2, 3 Table 6 , where we use a Matlab notation for arrays of dimensionalities) for each independent test, then the "comb" result (e.g., 85.15% in Table 6 ) corresponds to averaging 16 × 10 = 160 SVM models. While running all 10 tests can be time consuming, running a single test (i.e. with J = 16 SVM models) is computationally cheap, because most of the computation time is spent on learning filters and the forward pass, which must be performed only once per test.
For classification with a one-vs-one multiclass SVM, we use implementation from [33] . (see Fig. 6 (b),(c) for comparison). Also, it is clear that for MNIST whitening of input images has a negative effect, given the results in Fig. 5 (a) and 6 (a).
A.6 Additional Data for Section 5.3 (Multilayer Performance)
To achieve final classification results on MNIST, reported in Tables 2 and 5 , we use a rectifier |x| for both layers and a one-vs-one SVM (a committee of J = 4 − 11 models). Local contrast normalization (LCN), "rootsift" normalization, a parametric rectifier and a one-vs-all SVM is not employed for MNIST, because we have not found these methods helpful for this dataset. We use a one-vs-all classifier implemented on a GPU [27] only to report timings in Section 5.3.
To achieve final classification results on CIFAR-10 and STL-10, reported in Tables 3 and 6 , we use a parametric ReLU rectifier max(0.25, min(25, x)) on the first and max(0.25, min(25, |x|)) on the second layer, a one-vs-all SVM (a committee of J = 8 − 20 models) if not specified otherwise, with LCN between layers and with "rootsift" normalization after each layer. LCN is a quite expensive operation (in our implementation) and, in our experience, has a positive effect only in case of many feature maps (i.e. K 1 > 128), so we employ it only for final tests with large networks.
For 2 layer AutoCNNs, the number of parameters in convolutional layers (N model ) varies considerably depending on whether we use all features from layer 1 (a full network) for classification or only those connected to the second layer (a pruned network). For instance, for a large CIFAR-10 network in the former case we have N model = 1024 × 13 × 13 × 3 + 160 × 11 × 11 × 4 ≈ 600k, while in the latter case N model = 400 × 13 × 13 × 3 + 160 × 11 × 11 × 4 ≈ 280k, where the value of 400 is an approximate number of filters connected to the second layer in our experiments. Note that it is smaller than 128 × 4 = 512, because some feature maps are connected to several groups (see Section 4.4). Thus, pruned networks have much fewer parameters and, as reported in Tables 5 and 6 , they preserve or even improve the classification accuracy of their full counterparts. The architectures of the full and pruned networks are initially the same and correspond to the ones used for the experiments in Tables 2 and 3 , except that the full network for CIFAR-10 has larger pooling m 2 = 5. The 2 layer network for MNIST with 128-64 filters is the same that we used to obtain the results in Table 1 .
The extended experimental results in Tables 5 and 6 support our arguments made in Sections 4.5 and 5.3 that a one-vs-all SVM is advantageous compared to one-vs-one for the CIFAR-10 and STL-10 datasets, and it is better to go deeper than use a larger single layer network. The number of models (J) in a proposed SVM committee varies (Tables 5 and 6 ), because sometimes it is better to use more models and sometimes fewer depending on the number of features, size of the training dataset, multiclass classifier and unsupervised method. We have not particularly fine-tuned the value of J and dimensionalities (p j ) in the committees and tried to make them more or less consistent among all experiments.
Next, on the test datasets we double-check (in additional to cross-validation) that filter size (s 1 ) was not the reason for our performance increase. We present several results obtained with n = 0 using the settings identical to n = [1, 3] (MNIST) and n = [0, 4] (CIFAR-10 and STL-10), but with smaller filters (typically used in previous works) (Tables 5 and 6 ). Note, that for two layer AutoCNNs, the performance increase of using n ≥ 0 compared to n = 0 is more pronounced than for single layer models (see Table 1 ).
For the sake of curiosity and motivated by our promising results on small (32 × 32) CIFAR-10 images with the suggested method, we also conducted a couple of experiments with a cropped version of STL-10. But, we do not report these results in Table 3 , because we consider only unsupervised learning methods without data augmentation, and it would be unfair to compare our results with others who do not employ cropping. In these experiments, we randomly take 10 crops of size 64 × 64 from the original (96 × 96) unlabeled and training samples, and 16 crops with fixed spatial positions from the test samples. We take only 5k original unlabeled samples. As a result, we have 50k cropped unlabeled, 10k training (for each of the 10 predefined folds) samples and 128k test samples. To obtain labels and an accuracy for the original 8k test samples of STL-10, for each test sample we average the SVM scores obtained for 16 crops (so, in total we train 16 × J SVM models) and take the maximum value to predict the label. We designed a 2 layer network 1024c19-4p→128g-4ch-160c11-4p, which is similar to the one used for STL-10 without cropping. The results show significant improvements compared to the experiments without cropping (Table 6 ).
